A method for assigning functions to unknown sequences based on finding correlations between short signals and functional annotations in a protein database is presented. This approach is based on keyword (KW) and feature (FT) information stored in the SWISS-PROT database. The former refers to particular protein characteristics and the latter locates these characteristics at a specific sequence position. In this way, a certain keyword is only assigned to a sequence if sequence similarity is found in the position described by the FT field. Exhaustive tests performed over sequences with homologues (cluster set) and without homologues (singleton set) in the database show that assigning functions is much 'cleaner' when information about domains (FT field) is used, than when only the keywords are used.
Introduction
Automatically discovering knowledge about the content of genomes is one of the most exciting challenges in the post-genomic era. Searching for homologies and evolutionary relationships between sequences is by far the most frequently used strategy for assigning functions to new sequences. An extensive collection of software is available for routine database searches based on heuristic approaches such as FASTA (Pearson and Lipman, 1988) , and BLAST (Altschul et al., 1990 (Altschul et al., , 1997 , or more exhaustive procedures based on dynamic programming algorithms (Needleman and Wunsch, 1970; Smith and Waterman, 1981) . High assurance and accuracy are obtained from these methodologies when sequences similar to a given query sequence clearly exist in databases (Agarwal and States, 1998; Brenner et al., 1998) .
Pattern-based procedures are alternative tools for deriving evolutionary, structural or functional information about a query sequence. Several pattern-matching tools are used to this end over a large collection of specific pattern/domain databases: Prosite (Hofmann et al., 1999) , Pfam (Bateman et al., 2000) , Blocks (Henikoff et al., 2000) , Prints (Attwood et al., 2000) , ProDom (Corpet et al., 2000) , SMART (Ponting et al., 1999) , Domo (Gracy and Argos, 1998) , Identify (Nevill-Manning et al., 1998) , and PROF − PAT (Bachinsky et al., 2000) . Additionally there are several function annotation algorithms for grouping proteins of similar function by detecting the presence of patterns stored in these databases (Fleischmann et al., 1999; Kretschmann et al., 2001) and to predict function through the use of well-established patterns (i.e. diagnostic patterns).
However, at present, a full solution to the problem of protein functional assignment remains unattainable, especially when working with query sequences which have no clear homologues in the sequence databases. In fact, sequences distantly related to the query sequence often fall into the 'twilight zone' (Doolittle, 1986) , where bychance relationships might appear as significant as real ones. Thus, there are still numerous protein sequences whose function remains unknown.
Genes (or proteins) with no matches in the sequence databases are commonly known as orphans. Many of them cannot be annotated because their ancestral homologies, or weak relationships, are not detectable by current methodologies.
The modular nature of many proteins can cause additional complications. When matching multidomain proteins it may not be clear which domain (s) correspond to the function associated with each protein. Most of the prediction systems ignore this very important issue, assigning incorrect functions that are linked to the true ones (Karp, 1998) . Therefore, developing new automatic strategies addressing the multidomain problem is important for helping in the identification and assignment of specific protein functions.
Most of the current methods used for this aim are based on conventional by-similarity comparison. We propose an alternative system based on detecting small significant fragments by identity that could act as modules in peptide construction. This strategy provides complementary information for addressing the problem of assigning function to a query protein.
So, the method presented assigns functions to peptide regions of protein sequences, approaching the multidomain problem. The method is based on the information contained in protein databases, constituting a particular data mining procedure. The overall procedure is divided into two distinct successive stages. First, a query sequence is analysed to find statistically significant subtle amino acid patterns that are also present in the database (Thode et al., 1996; Rodriguez et al., 2000) , here called protomotifs (because they do not constitute separate motifs with their own structural or functional organization). This first step is similar to TEIRESIAS (Rigoutsos and Floratos, 1998; Floratos et al., 2001) . This algorithm finds patterns of variable length with ambiguous positions, whereas our algorithm locates fixed-length and well-defined ones. We have previously used similarity based searches for detecting small fragments (Rodriguez et al., 2000) , but we have found that fixed-length patterns better resemble small but strongly conserved similarities (Thode et al., 1996) . In the second step, the protomotifs are associated with the functional annotations derived from the original SWISS-PROT entries that gave rise to them, and then used for assigning functions to the analysed sequence.
Exhaustive tests have been performed to evaluate the usefulness of the whole method. These tests have been performed with different sets of sequences extracted from well-known databases where these sequences are hierarchically organized by similarity levels. The strategy was able to reveal unknown and potentially important information for protein function prediction.
Material and methods

Test sets
SWISS-PROT (Bairoch and Apweiler, 2000) is one of the most reliable and best known repositories of protein sequence information (Apweiler, 2001) . In addition to the protein sequence, each entry contains valuable data about the function of the protein (keywords; KW field) and also concerning the region of the protein in which the function is located (features; FT field). We have used SWISS-PROT release 38 (July, 1999) , with exactly 80 000 sequences, as the training protein database.
ProtoMap release 3.0 (Yona et al., 2000) was used to evaluate the method and build the test sets. In this database SWISS-PROT and TREMBL sequences are clustered on the basis of their degree of sequence similarity. An entrance level equivalent to E-value = 1 (a low stringency level, which results in a small number of clusters with many sequences each) was used, and only sequences belonging to the SWISS-PROT database were selected, excluding low-complexity sequences, to avoid gathering compositionally biased protomotifs (Bork and Koonin, 1998) . Sequences less than 30 amino acids in length were also discarded. In this way we obtained 6692 clusters with more than one sequence, and 1381 clusters with only one sequence (singletons).
Two main sets were defined from this database, as detailed below. selected as a representative sample of the 6692 clusters. These clusters were selected as the most informative groups, being those with the highest number of functional annotations in the KW and FT fields in their corresponding SWISS-PROT records. In turn, the sequence with the most annotations in each cluster was chosen for analysis as the representative sequence of its group. The two subsets formed from this cluster set, according to their Prosite annotation, are respectively called the cluster-prosite set and the cluster-noprosite set. The first subset was expected to have a greater amount of functional information.
Cluster set
Singleton set
The 600 sequences with the most functional annotations were chosen as a representative sample of the 1381 non-clustered ProtoMap sequences. This set initially comprised three subgroups of 200 sequences each, on the basis of different E-value ranks (Pearson and Lipman, 1988 ) (given a score of similarity between a query sequence and one sequence from SWISS-PROT, the E-value is the probability of finding a sequence in the database with that or a better score of similarity):
• Singleton-1 set: the most significant similarity has 0.01 < E-value ≤ 0.1.
• Singleton-0 set: the most significant similarity has 0.1 < E-value ≤ 1.
• Singleton-00 set: the most significant similarity has E-value > 1.
It is worth noting that all of them lack similarity, having E-values of more than 0.02 (the upper threshold for significant homologies; Pearson, 1996) . Thus, they resemble orphan sequences at different levels of sequence similarity, but since they have functional annotations, it is possible to use them to evaluate the method's predictions.
SCOP release 1.53 (structural classification of proteins; Murzin et al., 1995) was used to extend and evaluate the possibilities of the method in the area of structure prediction. This database contains all of the known protein structural domains organized in a hierarchical fashion, the main hierarchy levels being (in descending order): class, common fold, superfamily and family.
In each test experiment, when a sequence is used as a query to predict its function or structure, such a sequence is removed from the database in order to avoid the occurrence of self-homology, which would undermine the criteria used to build the test datasets.
Obtaining protomotifs
The algorithm created by Thode et al. (1996) was used to obtain protomotifs (small significant peptides) associated with functional annotations of their source sequences. A protomotif by itself does not contain enough information to infer a relationship between the sequences sharing it (Rigoutsos et al., 2000) . However, the presence of several of these signals in different sequences with common functional descriptors (keywords, features, etc.) strengthens the signal sufficiently to allow a relationship to be expressed. Our novel approach has been used for verifying functional information and for the gene identification problem (Thode et al., 1996) .
The algorithm proceeds by searching for fixedlength conserved fragments common to both a query and the database sequences (see Figure 1a for details) with a minimum number of identical residues. Their successive overlapping throughout the query sequence will later extend these short fragments. The best results were obtained when using a 10-residue window length with six identical amino acids as stringency value (Thode et al., 1996) .
In this way, all sequence fragments related to each potential protomotif along the query sequence, and its functional information are obtained. A first sieve is carried out to remove by-chance protomotifs, removing all those putative protomotifs that do not satisfy a minimum support (present in at least three sequences) and those that are not statistically significant. For these latter, a frequency index (FI ) is used, which represents the expected probability of a given protomotif being found purely by chance. The FI is computed by combining the frequencies of each amino acid belonging to the protomotif:
where n is the number of amino acids in the database and f aa is the absolute frequency of each Steps carried out to obtain protomotifs from a query sequence: (1) each fragment of fixed length along the query sequence is obtained by using a sliding window and is classified by the first amino acid; (2) each fragment is searched for in the protein database and those with a minimum number of amino acid matches are registered; (3) a minimum number of database sequences is required for a fragment to be taken into account in the process and remaining fragments are evaluated as a function of their statistical significance (FI); (4) any database sequence, containing a fragment, with a minimum level of local sequence similarity with others is removed, avoiding sequence redundancy, and the FI of the remaining fragments is recalculated; (5) the final fragments (now called protomotifs) are accumulated by the query sequence position; (6) finally, a protomotif accumulation profile (PAP) is generated. amino acid (aa) in the database. Thus, in conjunction with the observed protomotif frequency in the search (f i ), the FI is finally obtained as:
Thus, for FI > 1, the pattern will be in the database with a value above that of the expected one, and the higher this index, the lower the probability of finding this pattern by pure chance. A second sieve is carried out to remove similar sequences. Thus, for each pair of sequences sharing a given protomotif a similarity value is computed in a window of 50 amino acids where the protomotif is centred (to avoid the multidomain problem). When the similarity value is higher than a given threshold (45% in our tests) one of the sequences is removed. As this last sieve could modify the initially observed frequency (f i ) for a given protomotif, the first sieve is carried out again for the remaining protomotifs. At this point a collection of statistically significant protomotifs is available for the query sequence. A histogram with the protomotif frequency (i.e. the number of sequences that contain the protomotif in a given position of the query sequence) detected at each query sequence position represents a protomotif accumulation profile (PAP) for the sequence (see Figure 1 ). In this profile, peaks represent conserved zones of the protein and valleys correspond to less conserved zones, therefore the latter could represent transition zones between different domains (Figures 1b and 1c) . Thus, the FI value can be used for grouping protomotifs according to a given significance level.
Function assignment
The immediate use of the protomotif accumulations is the assignment of functions to new proteins. In particular, accumulations of protomotifs matching specific regions in the query protein could provide information to solve this problem. However, complications could arise from the modular nature of many proteins. When matching multidomain proteins it may not be clear which domain(s) correctly correspond to the functional annotations associated with a protein. A way of solving this problem is through the establishment of correlations between general function annotations (keywords) and positional domain annotations (features) on the entries of the protein records, with the aim of assigning keywords that specifically correspond to domains.
To this end, once the PAPs and the sequences related to them (linked to protomotifs) have been obtained, their corresponding functional annotations are taken from the SWISS-PROT database. At first, keyword field (KW) annotations were used due to their great informative content and ease of use, since they constitute a well-defined and controlled vocabulary. However, as was explained in the previous paragraph, the feature field (FT) was also included with the aim of a more selective analysis, since it displays positional information about concrete domains, which allows us to address the multidomain problem. It is important to note that the FT field is organized according to various data items: key-name (the group to which the FT belongs), from and to (the initial and final domain position) which define the limits of a range, and the domain description. Examples are presented in Figure 2 .
Several FT-KW dictionaries were compiled to describe correlations between keywords and feature fields. In a first step, FT groups (key name) related to functions or post-translational modifications (BINDING, CARBOHYD, CA − BIND, CHAIN, DNA − BIND, DOMAIN, LIPID, METAL, MOD − RES, NP − BIND, PEPTIDE, SIGNAL, SITE, TRANSIT, TRANSMEM, ZN − FING) were selected separately and their description items were Figure 2 . Assignment of functional annotations by using the SWISS-PROT FT field. In the TNSC − ECOLI record (sequence linked to a protomotif) the match has been found in the 136-143 range, therefore only the keywords related to the FT of this range (in this case, ATP-binding) will continue through the later analyses, but not the remaining keywords filtered (removing numerical characters, annotations between parenthesis, and some non-informative words) in order to combine equivalent descriptions (e.g. 'EGF-LIKE', 'EGF-LIKE 1', and 'EGF-LIKE INCOMPLETE' were grouped as EGF-LIKE).
Second, to obtain the most significant relations, correlations between keywords and features were computed by considering which keywords appeared to be correlated with a certain feature (support) and in what proportion (confidence) (see Table 1 ).
Finally, these dictionaries were used in the following way: when a protomotif falls inside the positional range (from-to) of a given FT, then only the associated keywords (from the corresponding FT-KW dictionary) are included in the function assignment procedure. Otherwise, if the protomotif does not match any positional annotation of the FT field, only those keywords not associated with any FT field in the protein are included in the later analyses (Figure 2 ). It is worth noting that a given database sequence can contain different FT fields. In this case, it is a sufficient condition for the protomotif to match only one of them for assigning the associated keywords to the analysis. It is also possible that the protomotif does not match any FT field, in which case, only those keywords belonging to the protein but not associated with the FT fields are included in the analysis.
Two types of filters were applied to the SWISS-PROT database to optimize the function assignment procedure. The first filter removes those keywords considered as non-informative, under the criterion that they refer to nucleotide sequence properties of the corresponding protein, or due to their lack of specificity ( Table 2) . The second filter eliminates sequences containing the 'hypothetical protein' keyword, because they come from a direct translation of potential ORFs, whereas their other keywords are obtained due to their similarity to other protein sequences. This last filter reduces redundancy while maintaining the most informative entries for analysis.
Once the database is filtered, the keywords that belong to all the sequences linked to the protomotifs in the query sequence are collected to form a keyword dataset for the query. For this dataset the relative frequency (f k ) of each keyword is computed as:
where n k is the absolute frequency of the keyword k in the dataset and m is the number of keywords in the query sequence. Then the relative frequency of the keyword (F k ) in the whole database is 
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calculated, and the ratio f k /F k can be considered as the probability ratio (P k ) of the keyword:
If this ratio is higher than one, then the keyword will be considered significant. It is also important to bear in mind that protomotifs have an associated significance level (FI), which is inherited by the corresponding keywords. In this way the keywords can be organized on the basis of the significance of their corresponding protomotifs and filtered by the significance threshold. All the keywords with significance greater than the specified threshold remain as informative. Additionally, keywords with a low nk value (nk < 4 give the best scores with the datasets used; data not shown) are considered as non-significant to avoid such a keyword attracting significance merely by virtue of a very low frequency in the database.
Evaluation of the method
To estimate the accuracy of the proposed strategy, the simple matching coefficient (SMC ) is calculated from the combination of four parameters (Burset and Guigo, 1996) :
This coefficient is the probability of correct prediction, which here is the probability of a keyword having the same value as predicted, where:
• TP (true positives) = the number of real keyword/sequence relations that have been correctly predicted as significant ones.
• FP (false-positives) = the number of false keyword/sequence relations that have been mistakenly predicted as significant ones.
• FN (false-negatives) = the number of true keyword/sequence relations that have been mistakenly predicted as non-significant ones.
• TN (true negatives) = the number of false keyword/sequence relations that have been correctly predicted as non-significant ones.
SMC values close to 0 represent a minimum in the accuracy of the method, since the keyword/sequence relationship would arise by chance, whereas SMC values close to 1 represent a near perfect prediction.
However, when the TN:TP ratio is very high, results trend to be biased by the high TN value (as is the case with biological sequence keywords). In this case, a modification of the correlation coefficient is preferred for measuring the accuracy of the method (Burset and Guigo, 1996) . This index is not affected by high TN values, and supplies a more precise valuation of results:
This index ranges from −1 to 1, that is, from less to greater accuracy. The four stated parameters can be used for calculating both the sensitivity (Sn) and the specificity (Sp) indices for the method (Burset and Guigo, 1996) :
In this work, the Sn index represents the proportion of real keyword/sequence relationships that have been correctly found to be significant by the method, and Sp is the proportion of false keyword/sequence relationships correctly predicted as non-significant.
Implementation
To implement the described methodology, customized computer programs were developed for the first step of obtaining the protomotifs through exhaustive database searching (in C ansi language), and for the second step of defining the functional information associated with each protomotif (in PERL language). The former program creates a file with the protomotifs, and the latter creates a file with the more significant keywords. The running time for analysing an average-size sequence (300 amino acids) is about 20 min on an Alpha AXP, 533 Mhz Workstation. 
Results and discussion
Function prediction
To demonstrate the procedure, we present the analysis of the human calmodulin protein (SWISS-PROT code: CALM − HUMAN ) as query sequence. In addition, this work demonstrates the effect of the significance indices, and the ability of the strategy to reproduce prior knowledge.
From this analysis, a set of keywords (with a specific FI threshold) is obtained ( Table 3 ). The best results are obtained by a combination of: (a) higher FI 's; (b) ordering the results on the basis of P k ; and (c) filtering them according to the n k value. In the example shown, the myristylation keyword paradoxically appears in the last test with high P k , although it is not related to the analysed sequence. A deeper examination of the keywords belonging to the eight sequences in which myristylation is present shows that up to five sequences include keywords common to the human calmodulin ones. This means that myristylation is linked to another keyword more directly related to the query sequence. However, this false-positive is avoided in our approach by using information associated with the FT field (supplementary information). This is just because these sequences have an 'FT LIPID' field describing myristylation but the protomotifs do not fall in this field range. This clearly reveals that by using the FT information it is possible to exclude non-specific keywords (supplementary information).
For exhaustive analysis, the predictions made by our method were tested with the well-known and annotated functional information in the KW fields on the previously defined test sets. These sets were separately analysed and the keywords with a P k value greater than one were considered significant. In this way, the SMC index as well as the sensitivity (Sn) and specificity (Sp) values were obtained. As expected, high FI thresholds produce a significant improvement in the accuracy of the method (Figure 3a) .
When these same analyses were carried out with the singleton-00 set, the results were similar though with a lower level of accuracy (Figure 3b ). This is explained by the lower average level of homology for these sequences in the database. However, the number of protomotifs found in the sequences of the singleton-00 set is sufficient to predict their functions. In addition, the performance regarding accuracy with respect to the FI is similar to that obtained for the cluster-prosite set.
The specificity of the method is always very high, whereas the sensitivity drops down to 50% when the results of the singleton-00 set are analysed (Table 4 ). In addition, when the FT field is used the sensitivity decreases while the specificity increases, thus resulting in a lower number of falsepositives.
As a point of reference, Devos and Valencia (2000) reported sensitivity values lower than 25% matching keywords with an alternative method when the sequence identity is as weak as 20%. The lack of specificity in the keyword function definitions is adduced as the main reason for these poor results. Moreover, when the sequence identity drops below 30-40% the specific function of proteins is not generally conserved (Wilson et al., 2000) . However, up to 50% sensitivity is obtained with our procedure, even in the worst case, when working with sequences without homologues in the database according to the standard values of sequence similarity.
So far, the test sets used (singleton-00 and cluster-prosite) represent extreme cases (those with the lowest and highest similarity levels). To observe the accuracy of the method under other conditions, we dealt with the sets with intermediate homology levels.
Results obtained for these sets (cluster-noprosite, singleton-1, and singleton-0) fall between those obtained for the cluster-prosite and singleton-00 sets (Figure 4 ). Very slight differences in the accuracy rate between the main groups (cluster and singleton sets) are observed, and within the groups the differences are even lower (i.e. between the different subgroups). This result is a good indicator of the robustness of the method, meaning that its accuracy is only slightly affected by the homology level of the query sequences with respect to the database sequences. Remarkably, the method is able to define functions for the cluster-noprosite set, almost as precisely as when working with the clusterprosite set. It suggests that our method is capable of finding homologies where current methods fail.
These results have been obtained using a keyword probability ratio threshold of 1 (P k > 1). When higher thresholds are used (P k ≥ 2), an improvement in the specificity of the method is observed, although the sensitivity is negatively affected. This means that although some true positives (TP ) are lost, greater confidence can be placed on the remaining keywords. Certainly, a tradeoff between the stringency threshold and falsepositives must be taken into account for reliable predictions.
Keyword accumulation profiles (KAPs)
For a more detailed demonstration of the usefulness of the proposed method on sequences with unknown function and to evaluate its ability to discriminate different domains, all the significant (Sn) and specificity (Sp) for both cluster-prosite and singleton-00 sets. Only very slight differences are observed between these sets Table 4 . Values of sensitivity (Sn), specificity (Sp) and SMC for the cluster-prosite and singleton-00 sets. The results to FI-2, FI-10 and all FIs mean value (FI-2 to FI-10) are shown, all of them with and without the use of the FT field (KW and KW + FT, respectively) keywords from several sequences were selected. Then, k eyword accumulation profiles (KAPs) were constructed by separately accumulating only those protomotifs that contain a specific keyword, to analyse whether accumulations of specific protomotifs are associated with specific keywords. To illustrate the results, a keyword profile for human coagulation factor IX (SWISS-PROT code: FA9 − HUMAN ) in the cluster-prosite set was compiled. Protomotifs were obtained by comparing this sequence against all the SWISS-PROT sequences. When the FT field is not used in the analysis (Figure 5a ) the 'EGF-like domain' keyword profile of this sequence shows nonspecific protomotif accumulations at different regions along the sequence. On the other hand, when the FT field is used in the analysis, the results are clearly filtered and the keywords are restricted almost exclusively to those places where the real protein function is defined. It is noteworthy that protomotifs with the 'serine protease' keyword coming from one subtilisin and several chymotrypsin sequences are found, because all of them are serine proteases, despite presenting different structures and amino acid sequences.
As can be observed, the 'DNA-directed DNA polymerase' keyword also appears as a result of the initial analysis. However, when representing this false-positive keyword in the profile, the protomotif accumulations appear dispersed throughout the sequence, without a specific concentration (Figure 5b ), indicating that the keyword was linked to non-specific protomotifs. Thus, we have an additional criterion for filtering false-positives reported by the initial analysis.
In the hardest case, when working with the singleton sequence set, in spite of their low homology with the database sequences, it is also possible to identify concrete accumulations in the profiles, easily discriminated from the false-positive ones (Figure 5c ). Thus, functional information for these sequences can be extracted and a functional pattern for an orphan protein can be defined, without any prior knowledge about them.
A more specific example of a prediction is given here for a protein from the fission yeast, Schizosaccharomyces pombe (gene name in Sz. pombe GeneDB (http://www.genedb.org/): SPCC1906. 01). This sequence is evolutionarily conserved; however its exact function remains unknown, though by-similarity searches suggest a mannose-1-phosphate guanyltransferase (Hashimoto et al., 1997) . Searching in the PROSITE database supplies additional information: Hexapeptide-repeat 
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known to be places of cellular growth, and membrane lipid production. This fact supports the predictive capacity of the method and its usefulness in practical situations.
Structure prediction
In order to analyse correspondences between protomotif accumulations and structural characteristics, two new sets were constructed: one composed of all those sequences from the five previous test sets with references in the PDB database (Bhat et al., 2001 ) (a database of known 3D structures); and another set composed of all the SWISS-PROT sequences with entries in the PDB database. A protomotif search for all sequences in the first set compared against the second was performed, but in this case the SWISS-PROT functional information was substituted by the hierarchical classification of the SCOP structural domain database (choosing its four first levels: class, common fold, superfamily and family). Once the results were obtained, these structural hierarchies were compared with those of the known domains of each analysed sequence (Table 5) . As in the function assignment case, the greatest correspondence to the well-known structural information occurs in the more informative of the test sets (cluster-prosite), reaching more than 50% coincidence at the superfamily level. In the singleton-00 set, however, the coincidence percentage at the first level (class) is as low as 21%, decreasing to 2% at the superfamily level. This can be explained by the low number of related proteins that these non-clustered sequences have in the database. In fact, more than 50% of the sequences with a wellknown structure in this set do not appear in the table, because they do not have a minimum protomotif support. This conforms to the hypothesis presented in Sander and Schneider (1991) that structural information is strongly conditioned by the identity level of the sequences under analysis. As in the previous case, intermediate values between the extreme sets are obtained for the rest of the test sets (see supplementary information).
Sequences with different structural domains were not directly computed in this analysis, to facilitate the evaluation of the results. However, when SAPs were analysed (similar to those of keywords or KAPs), it was observed that the results were suitably separated according to known different domains of the protein (Figure 6 ).
It should be stressed that function and structure are not correlated in all cases (Thornton et al., 1999; Hegyi and Gerstein, 1999) . However, both protein characteristics always depend on the amino acid sequence. The protomotifs detected by the proposed method could represent evolutionarily conserved function and/or structural relationships.
Ongoing work
We are currently working on two complementary strategies in order to improve the accuracy of the proposed methodology. First is hierarchical keyword clustering -grouping syntactically different, but functionally related, keywords to corroborate the final results. Work has already been done on the grouping of keywords appearing with a certain frequency in specific protein families (Andrade et al., 1999a) . Nevertheless, in this work it is necessary to group keywords which, although they belong to different unrelated sequences, do represent some related structure-function characteristics. Accordingly, keywords such as ATP-binding, GTPbinding, cAMP-binding and cGMP-binding should belong to a hypothetical 'nucleotide-binding' class. We have already begun to use a source of keyword clusters (The Gene Ontology Consortium, 2000) and have found relations that did not appear when using the keywords separately (data not shown).
Second, we are working on including additional functional annotations from the protein database, such as biochemical information, indicated by the EC classification (enzyme commission) in the SWISS-PROT DE (description) field. In this work, different keywords have not been discriminated according to their generality or specificity. However, it has been demonstrated that better results are obtained with keywords of specific enzymatic functions than with the most general ones (Devos and Valencia, 2000) . Although it should be remembered that there are enzymes with high sequence homology but different precise functions (Gerlt and Babbitt, 2000) that can conserve their substrate specificity, we trust that this protomotif data-mining strategy will be useful for correctly assigning enzymatic functions. . Protomotif profiles related to structural domains (SAPs) for the ETC2 − STAAU protein using FI-2 protomotifs. Profiles match different domains (2.38 and 4.14) in the 'common-fold' level of the SCOP database. The arrow indicates the separation of both domains. The depicted structure represents the fold for this protein as stored in PDB (PDB code: 1STE) with the same colours corresponding to the profiles of both domains
Conclusions
In this work a method for assigning functions to proteins is presented, being especially useful when traditional methods do not report any significant homology. The multidomain problem is also approached through a simple and novel methodology supported by functional information available in the FT field in the SWISS-PROT database, which enables the location of predicted functions in a specific sequence position.
One of the most important characteristics of the method is the high quantity of information on which it is based, coming from the great number of basic protomotifs that the initial algorithm is able to detect. In addition, this large amount of information is further expanded by the number of keywords that their respective sequences have in the database. This ensures a certain degree of redundancy, which helps to overcome the problem with inconsistency of functional annotation across databases (Brenner, 1999) . Other algorithms in the pattern matching application domain, based in well-established peptide patterns (Fleischmann et al., 1999; Kretschmann et al., 2001 ) are used to annotate the SWISS-PROT database, with lower sensitivity values than those reported by our methodology. In a similar fashion the approach proposed by Devos and Valencia (2000) is also based on homologous structures already included in hierarchical structural databases, and multidomain proteins are omitted in order to avoid the mutidomain problem. However, our approach is able to reveal new patterns whose presence is useful for predicting accurate functions. In this way, the system supplies enough functional information, even for proteins that do not show similarity to any of the other proteins in the database.
Exhaustive tests have been performed to demonstrate the ability of the strategy to identify previously unknown information. The test sets were designed to cover a broad range of sequences classified by similarity level, including those without significant homologues but with sufficient functional information to verify the predictions. Thus, they could constitute a benchmark for function assignment approaches.
The methodology is able to assign functional keywords with a sensitivity rate higher than 50% on average and a specificity rate near to 90%, so that only one in ten relationships found between a keyword and a protein could be a false one, while one in two real relationships are found on average.
In addition, the method is able to discriminate protein sequence regions with defined functions and even structural domains with high accuracy. This data can be used to complement homology searches and function-structure prediction methods, obtaining new knowledge for orphan proteins (Bork and Koonin, 1998) .
Although it is not the first time that association discovery methods have been used to order the enormous amount of annotations contained in current scientific databases (even by using the keyword field of the SWISS-PROT database; Devos and Valencia, 2000; Tamames and Tramontano, 2000) , most of the prior approaches were based on significant homologies (Guigo and Smith, 1993; Andrade, 1999; Andrade et al., 1999b) . However, results reported by these approaches are very scarce when the query protein has no clear homologues in the database. Criteria other than sequence homology searches have also been used Pellegrini et al., 1999; Eisen, 1998; des Jardins et al., 1997) , but these approaches found even less information. It is also noteworthy that our proposed strategy is able to deal with signals coming from other sequence homology-based search engines, to further improve their predictions.
At the present time, as the complete genomes of diverse organisms (including the human genome) are becoming known (The Genome International Sequencing Consortium, 2001; Venter et al., 2001) , and observing the revolution that this is giving rise to in medicine and biotechnology, it is necessary to have computational tools available that help us to define the functions of the enormous number of genes that have been discovered. In this context, methods such as the one proposed in this work, in tandem with existing ones, should be of great use in future research.
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